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WUB-IP: A High-Precision UWB Positioning
Scheme for Indoor Multi-user Applications
Zhendong Yin, Member, IEEE, Xu Jiang, Zhutian Yang, Member, IEEE, Nan Zhao, Senior Member, IEEE,
Yunfei Chen, Senior Member, IEEE,
Abstract—High-precision positioning scheme, an important
part of the indoor navigation system, can be implemented using
an ultra-wide band (UWB) based ranging system. Recently,
solutions for precise positioning in dense multi-path and non-
line-of-sight (NLOS) conditions have attracted a lot of attention
in literature. On the other hand, it is expected that Waveform
Division Multiple Access (WDMA) technology for multi-user
UWB positioning application will be indispensable in the near
future. In this regard, a WDMA-UWB based positioning scheme
is investigated in this paper, for enhancing the performance of
positioning accuracy in multi-user applications. In accordance
with practical requirements of indoor positioning, we propose a
new indoor positioning scheme, termed as WUB-IP. This scheme
adopts WDMA for multiple access, and utilizes an entropy-based
approach for the Time of Arrival (TOA) estimation. Moreover, a
transfer learning approach is used for ranging error mitigation in
NLOS conditions, in order to improve the positioning accuracy in
NLOS conditions. System-level simulations demonstrate that the
proposed scheme enhances the performance of indoor positioning
for multi-user applications.
Index Terms—Indoor positioning, transfer learning, UWB,
waveform division multiple access.
I. INTRODUCTION
IN indoor environment is beyond the coverage of GPS.Ultra-wide band (UWB) positioning is a strong enabler for
several applications in both industry and everyday life [1]–[6].
This new technology has a lot of advantages over traditional
techniques, such as GPS and RFID, as it has the capability
of high precision ranging in a small indoor area due to high-
temporal resolution and good obstacle-penetration capabilities
[7]–[10]. Nowadays, UWB positioning has been regarded as
a potential solution for high precision requirements, such
as equipment and personnel tracking, asset management in
warehouse, and home monitoring [11], [12].
One key element of the indoor UWB positioning system
is ranging, which is mainly dependant on the time of arrival
(TOA) estimation [13]. There exist some critical challenges
for TOA estimation, such as electronic jamming, dense mul-
tipath, and non-line-of-sight (NLOS) conditions [14], [15]. In
electromagnetic environments (such as crowded buildings),
various wireless signals may interfere with the reception
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of UWB pulses. Furthermore, dense multi-path and NLOS
conditions are critical for FP detection, and thereby, degrade
ranging and localization performances [16]. Consequently, for
high-precision FP detection, several maximum energy-based
approaches are under consideration, such as maximum energy
selection (MES), MES searching-back (MES-SB), coherent
detection and threshold crossing based methods [17]. Addi-
tionally, statistical analysis approaches are also utilized for
range information model construction [16]. However, the delay
between FP and the strongest path (SP) in NLOS conditions
is a challenge for TOA estimation.
On the other hand, the requirement for multi-user ap-
plication still exists. Multiple access technology for UWB
communication has been an important topic in UWB research
for a long time. Time hopping UWB (TH-UWB) and direct
sequence UWB (DS-UWB) are two main approaches for UWB
multiple access, which utilize PN codes to distinguish users.
Unfortunately, these two approaches are inefficient for UWB
pulse-based ranging in a multi-user application, especially in
dense multi-path conditions. In this regard, a more efficient
scheme for UWB multiple access is proposed in [18] and
[19], namely, waveform division multiple access (WDMA). In
WDMA-UWB, orthogonal waveforms are used for multiple
access by using appropriate waveform design, which releases
the limitations to communication and spectrum efficiency.
Furthermore, WDMA-UWB is suitable for multi-user ranging
application in dense multi-path conditions, due to the wave-
form orthogonality. Therefore, WDMA-UWB is viewed as a
novel approach to address the multiple access interference
issue in indoor high-precision positioning systems.
Although there have been several excellent works on UWB
positioning and WDMA-UWB, these two important areas are
usually studied separately in the literature. However, it is of
great importance to combine them for even greater benefits.
Thus, the key objective of this paper is to propose a novel
high-precision indoor positioning scheme based on WDMA-
UWB ranging, in order to enhance the location accuracy
for the multi-user application requirement in indoor harsh
environments. The key contributions are stated as follows.
• In this research, the high-precision positioning scheme is
proposed for multiple users in indoor harsh environments.
In places with complex electromagnetic, such as offices,
the reception of UWB pulses will be interfered by various
signals. Furthermore, the asynchronization among users
may intensify MAI. In this regard, we propose an effec-
tive scheme to enhance the positioning accuracy, which
can be a potential solution for application.
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• We propose a Coif4 wavelets-based approach for UWB
pulse waveform designing, and use the WDMA-UWB
scheme for improving the anti-MAI performance as well
as for meeting the utility complexity requirement for ap-
plication. The proposed WDMA-UWB is more effective
compared to other UWB multi-access schemes.
• We develop an information entropy-based approach for
FP detection, whereas the entropy is used to measure the
randomness of the received signals, and the FP is detected
by determining the sample with drastic entropy decreas-
ing. This approach can improve the TOA estimation of
FP in a dense multi-path condition.
• The ranging errors due to NLOS conditions are mit-
igated by using a transfer learning approach. In this
approach, the shared-hidden-layer autoencoder (SHLA) is
utilized to obtain the common knowledge among different
conditions. Thereby, the ranging accuracies in NLOS
conditions can be improved.
• The proposed scheme is termed as WUB-IP (WDMA-
UWB Based Indoor Positioning). We conduct a system
level performance evaluation of WUB-IP and compare it
with other indoor positioning approaches in terms of key
performance metrics.
The rest of the paper is organized as follows. Section II
presents the underlying system model of WUB-IP. The WUB-
IP positioning framework is introduced in Section III, followed
by the performance evaluation in Section IV. Finally the paper
is concluded in Section V.
II. SYSTEM MODEL
We consider a UWB-based indoor positioning system,
which adopts the round-trip time-of-flight (RTOF) measure-
ment for ranging. We assume M stationary base stations
(BSs) with known locations and N users with positioning
requirements in an indoor region. Users make positioning
requests by sending pulses to BSs, receive the response signals
from BSs. By estimating RTOF, users calculate the distances
from BSs, and thereby, position themselves. The system is
shown in Fig. 1.
BS
User
Fig. 1. Illustration of the indoor positioning system (e.g., 4 BSs and 1 user).
For each user, the position can be estimated as follows:

√
(X1 −X)2 + (Y1 − Y )2 + (Z1 − Z)2 = d1√
(X2 −X)2 + (Y2 − Y )2 + (Z2 − Z)2 = d2
...√
(XM −X)2 + (YM − Y )2 + (ZM − Z)2 = dM
, (1)
where {X,Y, Z} and {XM , YM , ZM} denote the coordinates
of the user and the M th BS, respectively; dM denotes the
Euclidean distance between them.
The user position is estimated by solving
min
(
M∑
m=1
∣∣∣∣√(X −Xm)2 + (Y − Ym)2 + (Z − Zm)2∣∣∣∣− dˆm
)
,
(2)
where dˆm denotes the estimated distance between the user
and the mth BS. In this research, the optimization problem is
solved by using least squares error and Taylor series expansion
(LSE-Taylor).
Communications between users and BSs are based on
WDMA-UWB, and the frequency of UWB ranges between
2 GHz to 10 GHz. BS transmitters employ binary phase-shift
key (BPSK) modulation for information transmission. For each
transmitter, WDMA-UWB is used for the multi-user service.
Therefore, a data packet with a size of P bits transmitted by
each transmitter for ranging the nth-user is given by
xn (t) =
P∑
p=1
bk (p)ωn (t− pTs), (3)
where bk(i) and Ts denote the BPSK symbols and its duration,
respectively; ωn denotes the UWB pulse waveform for the nth
user. The signal transmitted for all users is given by
s (t) =
N∑
n=1
xn (t), (4)
We assume densely multipath channel for the UWB rang-
ing system. Both line-of-sight (LOS) and non-line-of-sight
(NLOS) models are included. Consequently, models CM1 to
CM4 in IEEE802.15.4a standard are adopted, and the channel
impulse response is given by
h(t) =
L∑
l=0
K∑
k=0
αk,l exp (jφk,l)δ(t−Tl−τk,l), (5)
where αk,l denotes the gain of the kth path component in the
lth cluster, Tl denotes the time delay of the lth cluster, τk,l
denotes the time delay of the kth multipath component in the
lth cluster, phase φk,l is distributed uniformly in [0, 2pi), and
L denotes the number of clusters.
The received signal can be given by
r(t) =
L∑
l=0
K∑
k=0
αk,l exp (jφk,l)s(t−Tl−τk,l) + n(t) + i (t) , (6)
where i(t) denotes the multi-access interference signal.
Then the specific signal waveform is separated from the
receive signal by using a match-filter, and used to measure
RTOF.
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Fig. 2. The procedure of FP detection based on entropy decreasing.
III. WUB-IP FRAMEWORK
In this section, we introduced the framework of our pro-
posed scheme for indoor high-precision positioning, i.e.,
Waveform Division Multiple Access-UWB Based Indoor Posi-
tioning (WUB-IP). The objective of WUB-IP is to enhance the
positioning accuracy for multi-user localization applications in
harsh indoor environments.
A. Design of Pulse Waveform
In WDMA-UWB communication system, each user is as-
signed a specific waveform as the message symbol. These
pulse waveforms are particularly designed to be orthogonal to
each other, in order to avoid the multiple access interference
between users. Therefore, the pulse waveform design is the
key procedure for WDMA-UWB communication system. As
analyzed in [18], Coiflet wavelets has good performances in
mutual correlation. Therefore, we adopt Coiflet wavelets for
UWB pulse waveform designing, which is shown as follows
ψa,b (t) = |a|−
1
2ψ
(
t− b
a
)
, (7)
where ψ denotes the basic wavelets function. In this research,
we choose Coif4 wavelets as the basic wavelet function.
The nth user is allocated with a specific wavelet, which is
given by
ψn(t) = ψn,0 (t)− ψ0,n (t) . (8)
The cross-correlation between waveforms of nth user and
mth user is given by (9). Due to the orthogonality of Coiflets,
different users can be distinguished effectively in applications.
B. Time of arrival estimation
The RTOF-based ranging is inherently dependent on the
TOA estimation. The Cramer-Rao Lower Bound (CRLB) of
TOA-based ranging is given by
V
{
dˆ
}
≥
√
c2
8pi2B2γ
, (10)
where B and γ denote the bandwidth and signal-to-noise ratio
of the received signal, respectively.
As analyzed in [18], theoretical accuracy of UWB-based
ranging can achieve centimeter. However, the practical ranging
accuracy in applications is only at the level of decimeters,
which is due to the lower FP detection accuracy. Due to dense
multipath and NLOS transmission, FP may be less intense on
receive signals later. Therefore, FP detection approaches based
on amplitude and first-arrival will be inefficient. However, we
can determine the FP by detecting the entropy changes, which
can represent the degree of randomness. As a result, the FP
can be determined by choosing the sample with drastic entropy
decreasing. The procedure of FP detection based on entropy
decreasing is illustrated in Fig. 2.
Before FP detection, the desired signal for the user ranging
is detected by using matched filters (MF), whereas the filtering
result for the kth path in lth cluster is given by
yk,l (t) =
t∫
nTs+Tl+τk,l
rk,l (t)hk,l (t− λ)dλ. (11)
In order to improve the accuracy of FP detection, the
entropy of received signals is calculated. At first, we set
a threshold, which ensure that desired signal pulses exceed
threshold in most cases, and the noise can rarely exceed. As
analyzed in [19], the threshold can be set based on the variance
of received noise, which is given by
η = ασ, (12)
where σ and α denote the standard deviation of noise and the
constant factor for threshold adjustment, respectively.
Then, define the received signals as R = [rn,k]N×K , where
N and K denote the number of frames and the length of
received signals, respectively. Therefore, Rn,k denotes kth
sample in the nth frame. By comparing R with η, the result
matrix RE is obtained as
REn,k =
{
1 if Rn,k > η
0 else
. (13)
For the kth sample, the sample before the kth index in all
frames is regarded as a new sequence, and the subset Φk =
{ln} can expressed as
ln = arg
m
max m , (14)
s.t. (a) REn,m = 1;
(b) m < k.
Then, we get the subsets Φk of the received signals. We
let ei be the ith non-repetitive element in Φk. Therefore, the
entropy is given by
Ek = −
I∑
i=1
(pi/K) logb (pi/K), (15)
where pi denotes the occurrence frequency of ei.
In view of information theory, the largest entropy will
be achieved when all non-repetitive elements occur with the
same frequency, namely, random distribution. However, for
the desired signals, the corresponding entropies are relatively
small, because these samples exceed threshold in most cases.
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〈ψn (t) · ψm (t)〉 = 〈[ψn,0 (t)− ψ0,n (t)] · [ψm,0 (t)− ψ0,m (t)]〉
= 〈ψn,0 (t) · ψm,0 (t)〉 − 〈ψn,0 (t) · ψ0,m (t)〉 − 〈ψm,0 (t) · ψ0,n (t)〉+ 〈ψ0,n (t) · ψ0,m (t)〉 (9)
= 0
C. Ranging error mitigation
The precision of indoor positioning is mainly dependent on
ranging accuracy. Due to adoption of multi-anchors, it will
lead to an accumulation of ranging error for each anchor,
which severely impacts the positioning precision. In order
to improve the ranging accuracy under NLOS conditions, a
transfer learning-based approach is adopted to mitigate the
ranging error. Transfer learning was proposed to reuse the
knowledge learned previously from other data [20], [21].
The idea is to utilize commonalities among different learning
tasks to share statistical strength, and transfer the common
knowledge across tasks [21]–[23]. In this research, the shared-
hidden-layer autoencoder (SHLA) is utilized to extract the
common knowledge among different conditions, and realize
transfer learning.
After extracting features from received signals, two sets of
data are built, i.e., training set and target set (or test set).
The same features are adopted for the two sets, and the
corresponding ranging error is adopted as additional feature
for training samples. By training SHLA, a model for ranging
error estimation is obtained, and the mitigation procedure is
simply performed by dˆ− ∆ˆ. We utilize SHLA here to extract
the common knowledge among different application scenarios
(i.e., LOS of indoor residential, NLOS of indoor residential,
LOS of indoor office and NLOS of indoor office). The
structure of the SHLA is shown in Fig. 3, where target values
are also used for input, so that common feature representations
can be found for both training data and target data in an
unsupervised way. In response to an input example x, the
hidden representation h (x) is
h (x) = f (W1x+ b1) , (16)
where f(z) is a non-linear activation function, typically a Sig-
moid function f(z) = 1/(1 + exp(−z)) applied component-
wise, W1 is a weight matrix, and b1 is a bias vector.
The reconstruction process is completed at the network
output layer, which takes the hidden representation h, and
maps it back to a reconstruction (i.e., x˜) as
x˜ = f (W2h (x) + b2) , (17)
where W2 and b2 denote a weight matrix and a bias vector,
respectively.
We note that the key element for SHLA is the sharing
of same parameters for the mapping from the input layer
to the hidden layer, between target samples and training
samples. However, independent parameters are adopted for
the reconstruction process. Therefore, for a set of training
examples Xtr, the objective function is given by
tr (θtr) =
∑
x∈χtr
‖x− x˜‖2 . (18)
...
...
... ...
Input layer
Hidden layer
{x : x ∈ Xtr ∪Xte}
{x˜ : x˜ ∈ Xˆtr} {x˜ : x˜ ∈ X˜te}
Fig. 3. Illustration of the shared-hidden-layer autoencoder (SHLA) on the
training set and test set [24].
Similarly, the objective function the set of test examples
Xte is as
te (θte) =
∑
x∈χte
‖x− x˜‖2 , (19)
where the parameters θtr = {W1,W tr2 , b1, btr2 }, and θte =
{W1,W te2 , b1, bte2 } share the same parameters {W1, b1}.
Then, we join the objective functions for two sets, and
obtain the overall objective function as
SA (θSA) = tr (θtr) + γte (θte) , (20)
where θSA = {W1,W tr2 ,W te2 , b1, btr2 , bte2 } are the parameters
to be optimized during training, the hyper-parameter γ controls
the strength of the regularization.
Training SHLA is equivalent to training a basic autoencoder,
and the standard back-propagation algorithm can be applied.
To minimize the objective function, the shared hidden layer
is biased to make the distribution induced by the training set
as similar as possible to the distribution induced by the target
set. This helps to regularize the functional behavior of the
autoencoder.
IV. PERFORMANCE EVALUATION
In this section, we evaluate the performances of WUB-IP
under different scenarios. We implement WUB-IP with the
topology as shown in Fig. 4. We consider a cubic region
with each side of 20 meter, that is occupied by 4 BSs
placed at the corners of the ceiling. The potential users are
assumed to be Poisson distributed in the whole region with
a mean density. The positioning requests are event-driven,
and generate randomly. Four channel models mentioned above
are in consideration. We compare our proposed scheme with
existing approaches in the same simulation configuration.
Firstly, we evaluate the performances for FP detection of
the entropy-based approach in 4 channel models. As shown in
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Fig. 4. Simulated user topology; The blue spots represent the locations of
uses; The red triangles represent the locations of BSs.
TABLE I
FEATURES IN SIMULATION
Feature Expression
Maximum Amplitude Rmax = max |r(n)|
Energy Er=
∑
n
|r(n)|2
Mean Excess Delay τm=
∑
l
a2
l
τl∑
l
a2
l
RMS Delay Spread τRMS=
√√√√∑k a2k (τk−τm)2∑
k
a2
k
Kurtosis K= E(r(n)
4)
E2(r(n)2)
Number of Significant Paths (A) N1 =
∑
n
sgn (|r(n)| > T )
Number of Significant Paths (B) N2 = argmin (Ece (n))
Estimated Distance d
Fig. 5, the entropy amplitude has a significant decline when
the FP signal achieves. When SNR = 10dB, the estimated time
for FP can get very close to the actual value. Especially, in
CM1 and CM2, TOA estimation errors are 0.35ns and 0.47ns.
In CM3 and CM4, the detection accuracies decrease, due to
NLOS conditions, where TOA estimation errors are 0.77ns
and 0.6ns, respectively.
Next, we evaluate the performance of ranging error mitiga-
tion. As shown in Fig. 5, ranging error under LOS conditions
is much smaller than that under NLOS conditions. When other
conditions are fixed, ranging error varies with SNR. Thus, the
features we select should be with the capability to distinguish
LOS and NLOS conditions, as well as SNR estimation ca-
pability. Meanwhile, under the LOS condition, the strongest
path almost corresponds to the first path, but under the
NLOS condition, some weak multipath components precede
the strongest path. So mean excess delay and root-mean-square
(RMS) delay spread can be selected as features because they
can describe the degree of multipath of the channel. Taking all
these into account, the features extracted can be summarized
as shown in Table I, where T = 10
XdB
20 max (|r(n)|) denotes
the threshold, and Ece(n) > ε · Er denotes the cumulative
energy of r(n).
The ranging error mitigation is evaluated in terms of root-
mean-square error (RMSE), with the SNR varying between
-5dB and 15dB. Fig. 6 indicates that the ranging errors after
mitigation are significantly lower than those without mitiga-
tion. With SNR increasing, the RMSEs of ranging decrease
continually. The maximum of RMSE can be near 0.08m in
LOS conditions, and 0.15m in NLOS conditions. Moreover,
the RMSE of ranging with mitigation is lower than 0.03m,
when SNR is higher than 5dB. Hence, we can draw the
conclusion that the proposed approach is effective in harsh
conditions.
We also evaluate the ranging accuracy performance by
comparing with existing approaches. As shown in Fig. 7, the
ranging RMSEs of all approaches and CRLB decrease as SNR
increasing. The proposed approach has a better performance
than existing approaches. Different from existing approaches
getting to convergence early, the proposed approach gets
close to the CRLB, and the ranging RMSE can achieve the
centimeter level.
We evaluate the positioning accuracy performance of WUB-
IP in Fig. 8. The positions of users are estimated when
SNR = 10dB SNR. Taking one user for example, in each
channel model, the difference between the actual position and
estimated one is magnified and shown in the subfigure on top
right. The positioning errors are at the level of centimeters.
Particularly, in the LOS indoor residential condition, the po-
sitioning error is around 6cm. In NLOS conditions (CM2 and
CM4), the positioning errors are less than 10cm. Therefore, the
positioning accuracy of WUB-IP is acceptable for multi-user
applications in indoor environments.
Last, we evaluate the positioning accuracy performances of
WUB-IP in different SNR conditions. As shown in Fig. 9,
positioning RMSE decreases with SNR increasing. RMSEs in
4 channel models can achieve less than 2cm, and especially
in the LOS indoor residential condition, the RMSE is always
less than 2cm, and less than 1cm in some cases. Therefore,
we can draw the conclusion that the proposed indoor posi-
tioning scheme, i.e., WUB-IP, can be a promising solution for
the high-precision positioning requirements in indoor harsh
environments.
V. CONCLUSIONS
In this paper, a new UWB-based indoor positioning scheme,
termed as WUB-IP, has been proposed for high-precision in-
door positioning. WUB-IP is a specially enhanced scheme for
multi-user applications, which employs WDMA for multiple
access, and uses a novel UWB pulse designing. Therefore,
WUB-IP has a good performance on the reliability and effi-
ciency. It not only fulfills the practical requirements in dense
multi-path conditions, but also ensures efficiency in NLOS
conditions by using transfer learning. Performance evaluation
shows that WUB-IP achieves a higher positioning accuracy
than existing approaches in complex electromagnetic environ-
ments. Besides, WUB-IP reduces harmful interferences among
users compared to TH-UWB and DS-UWB based approaches.
Hence, WUB-IP provides a viable solution for practical high-
precision positioning applications.
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Fig. 5. FP detection performance of the entropy-based approach, (a) in CM1, (b) in CM2, (c) in CM3, (d) in CM4
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Fig. 6. Performances of ranging error mitigation, (a) in CM1, (b) in CM2, (c) in CM3, (d) in CM4
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Fig. 7. Performance comparison in ranging RMSE, (a) in CM1, (b) in CM2, (c) in CM3, (d) in CM4
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Fig. 8. Performance of positioning, (a) in CM1, (b) in CM2, (c) in CM3, (d) in CM4
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Fig. 9. Positioning accuracy comparison for WUB-IP (10000 iterations are
performed, and the RMSE is obtained).
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